Motivated by the empirical research on product ratings, we study a class of opinion formation models with competing global and local interactions. Models are investigated by means of the pair approximation and Monte Carlo simulations on Watts-Strogatz networks. We show that the agreement is the most difficult to achieve within the model with local conformity and global anticonformity. Moreover, the role of the network structure is the most significant in this case, and it becomes almost irrelevant in the opposite case, namely for the model with global conformity and local anticonformity.
As noted by Kardar and Kaufman: "The study of competing short-range and long-range interactions is relevant to a variety of problems in statistical mechanics". Indeed, one can easily indicate a number of natural processes in which elements interact both locally and globally [1, 2] . Such competing interactions are frequently responsible for the universality of many self-organized patterns observed in condensed matter physics [3, 4] . However, the mutual existence of forces with different length-scales is not only limited to physical or biological systems. In fact, more and more empirical studies are pointing out that the overall social influence results from such a composition of local and global interactions [5] [6] [7] . In the era of omnipresent mass media and online social networking, people's interactions are certainly no longer restricted to physical contacts. Their range, in fact, extends easily even beyond geographical borders. This rises a justified question about the significance of these interactions in shaping trends and opinions.
Our work is directly inspired by a recent correlation study on social influence in online movie ratings [6] . Having analyzed tendencies among reviewers to conform to already existing comments, the authors reached a conclusion that opinions expressed by friends and strangers cause different social responses. It turned out that those shared by the friends only led to conformity in issued reviews, whereas those of strangers might also excite anticonformity depending on the movie popularity. These findings suggest that some types of social responses may be associated with specific interaction lengths. Concerning a friendship network in this particular study, local interactions with nearest neighbors manifested only conforming nature, whereas those global ones with strangers also displayed anticonforming properties. These observations encouraged us to study a model of opinion dynamics with these two types of social responses and with different interaction lengths. Although global forces have already been considered in some studies on opinion dynamics, they were introduced in the form of effective interactions in the mean-field spirit [1, 8, 9] . In our study, these global interactions have a completely different character since they do not originate from any average measures but only from individual opinions. However, our aim is not to explore one specific model but rather to answer more general questions, such as: How does the range of the specific type of social interactions influence the agreement in the society? What is the role of the social network in shaping opinions and how it is related to the specific type and range of interactions?
In our study, we focus on the q-voter model with anticonformity [10] , which is a modification of the nonlinear voter model [11] . Both models has their roots in the voter model, which has already been studied for several decades across disciplines under different names. We can find related archetypal models in biology [12] , genetics [13] , and economy [14] . In physics, the voter model plays an important role in the studies on non-equilibrium phenomena [15] [16] [17] . Practical applications of the voter model are known as well. For example, it has been used to recreate statistical properties of U.S. presidential elections [18] . The nonlinear extension of the voter model, considered herein, is directly linked to existing psychological models of social response and supported by social experiments [19] .
Opinion spreading in our setting takes place on a network that illustrates a social structure where nodes are voters, and links indicate relationships between them. Each node can be in two states j ∈ {1, −1} representing different opinions, suppose a positive and a negative one. Voters may change their states under two competing interactions recognized as different forms of social influence -conformity and anticonformity [19] . In every time step, we choose at random a voter (a target of influence) and a group of influence. If all q members of the group have the same opinion, social influence is triggered. Then, with probability p, the chosen voter acts as an anticonformist and adopts the opposite opinion to the group. Otherwise, with probability 1 − p, it behaves like a conformist and takes the group opinion.
In the original q-voter model, interactions are local, i.e., they occur exclusively between voters that are directly linked. In this study, we also consider global interactions, which are not limited by the network structure. Although the empirical study clearly suggests which of the social responses is long-range, we can imagine that it is the social context that dictates the range of interactions. Therefore, we compare four versions of the q-voter model with different combinations of local and global sources of conformity and anticonformity. In all cases, social influence originates from a unanimous group of q distinctive voters. However, depending on a considered interaction range, members of this group are randomly selected at the local or global level, that is, from the nearest neighbors determined by the network structure or from all the voters in the system.
Our analytical approach is based on the pair approximation (PA), an enhanced version of the standard meanfield approach. This formalism is especially useful in problems involving static as well as adaptive networks [19] , and it has already been applied to various binarystate dynamics [20] . The q-voter model with anticonformity, however, has been studied exclusively within the standard mean-field approach [10] .
Let b and c j denote concentrations of active links and nodes in state j, respectively. An active link is a link that connects voters with opposite opinions. For the notation simplicity, we put c ≡ c 1 . The conditional probability of choosing an active link from all the links of a node in state j is approximated by θ j = b/(2c j ). Having defined these quantities, the time evolution of our system can be expressed in two differential equations that in the limit of infinite network size have the following general forms [19, 21] :
where P (k) is the degree distribution of a considered network, and k is its average node degree. Only function f (i, j, k) is model dependent and stands for the probability that a node in state j changes its opinion given that exactly i out of its k links are active. Since we consider four models with different combinations of local and global interactions, each of them has its specific f (i, j, k) function:
• GAGC -global anticonformity and global conformity:
• GALC -global anticonformity and local conformity:
• LAGC -local anticonformity and global conformity:
• LALC -local anticonformity and local conformity:
From now on, the above bold acronyms are used to refer to the models. More details about the models, calculations, and simulations can be found in Supplemental Material (SM). Here, we present only the main results and compare our analytical predictions with Monte Carlo simulations.
First, let us stress that in GAGC dynamics, the members of the influence group are selected randomly from the entire population of voters in the system, so naturally the network topology has no impact on the model behavior. The system behaves exactly the same as on a complete graph. This can be interpreted as a purely mean-field description of the q-voter model with anticonformity [10, 19] . Therefore, we use GAGC model as a benchmark for the other three models, which do involve local interactions. On the other hand, GALC model resembles the most the social dynamics revealed in the cited study on movie ratings [6] .
Within PA, only one network parameter is essential for the behavior of the models with local interactions. It is the average node degree of the network k . In Fig. 1 , we compare all four versions of the model for a given set of parameters. We have found that for any fixed value of k and q, the order of the dynamics (i.e., GALC, LALC, GAGC, and LAGC) from left to right in Fig.  1a and from bottom to top in Fig. 1b is conserved. It means that the agreement is the hardest to achieve within GALC model, whereas the easiest within LAGC model. However, the differences between the dynamics decrease with the increasing average node degree, and eventually all the diagrams collapse on the mean-field solution in the limit k → ∞. This limiting behavior immediately begs the question of whether our differentiation between global and local interactions makes sense in real social structures. After all, it may turn out that the average node degree of a real friendship network is large enough to make the differences induced by these forces negligible. In such a case, simple GAGC model would be sufficient. The average node degree of the network in the study on movie ratings equals around k = 50 [6] . In fact, this measure is less than 100 for many real structures [22] , and it remains rather stable in time even though the friendship network itself may evolve [23] . On the other hand, when it comes to the optimal size of the influence group, there are some psychological evidence that groups comprised of 3 to 5 members can already achieve the maximal persuasive power [19, 24] . After having tuned our models to these parameters, the differences between the dynamics are still significant especially for higher values of anticonformity (see Figs. 1 and 2; more details can be found in SM). Therefore, the differentiation between interaction ranges seems to be justified.
Since one can expect that in real social systems also other network properties would influence opinion dynamics, we test our analytical predictions by carrying out Monte Carlo simulations on networks generated by Watts and Strogatz's algorithm, with the link rewiring probability β [25] . This structure is able to recreate the small-world phenomenon present in real societies [22] . Moreover, it allows us to interpolate between regular (for β = 0) and random graphs (for β = 1) by tuning the parameter β. During this interpolation, many network features change, like the average shortest path length or the clustering coefficient. However, the average node degree remains unchanged. These properties of the network make it particularly attractive for our study. In Fig. 2 , the network size and the average node degree correspond to the real social network used in the empirical study on movie ratings [6] . As seen, only LAGC dynamics creates the same phase diagrams in the full range of the parameter β, even for highly clustered networks. The other two dynamics are more sensitive to structural changes, and they give the results consistent with PA only for high enough values of the rewiring probability. However, graphs that describe the best real social networks are obtained for smaller values of β (usually β < 0.1), and in these cases GALC and LALC dynamics differ significantly from the PA results. The structure of a network is the most important for GALC model. This is a particularly interesting result if we recall that this version of the model corresponds to empirical findings [6] . Lastly, since PA indicates that models with local interactions may exhibit discontinuous phase transitions, in contrast to GAGC dynamics, provided that the ratio of q to k is tuned properly (for further elaboration on that matter, we refer to SM), we have conducted simulations with other sets of parameters. However, we have not detected any discontinuous phase transitions in the simulations despite their presence in the analytics.
To summarize, our analysis indicates that the agreement is the most difficult to achieve in systems with global anticonformity and local conformity (GALC model). In these cases, the average opinion is the most sensitive to structural changes in the friendship network, and it is supported on the smallest interval in the parameter space. A system that exhibits such interactions is re-ported in the cited study on movie ratings. In contrast, combining local anticonformity with global conformity (LAGC model) makes the average opinion more resistant to structural changes. In these cases, the influence of the network structure on the final opinion is negligible for the parameters that characterize many real social systems, and only the average number of friends in the population impacts the result. Although the limiting behavior of all the dynamics is the same, the differences between them are significant for the typical values of the average node degree found in real-world structures. Therefore, it is important to accurately determine the ranges of social interactions since they can completely change the system properties. As we have seen, the social structure may even turn out to be irrelevant in some cases. The size of a network and the average node degree correspond to the real social network used in the empirical study on movie ratings [6] . The group of influence consists of q = 4 members for all the cases. Thick and thin lines refer to the mean-field (i.e., GAGC dynamics) and pair approximations, respectively.
In this supporting material, we describe the q-voter model with anticonformity more thoroughly. We present details of our analysis and algorithms used in the simulations. One can find here the simplified rate equations for all the models and the explicit formulas for the transition points obtained within the pair approximation. More simulation results are included as well.
MODEL DESCRIPTION
Our study concerns one of the twin models introduced in Ref. [1] . Both of them encompass different types of social responses [2] . The first one is called the q-voter model with anticonformity, whereas the second one the q-voter with independence. We focus on the former to align with the social responses identified in the correlation study on movie ratings [3] . The latter model is closely related to the nonlinear noisy voter model [2, 4] , and it has already been analyzed on complex networks by the use of the pair approximation and Monte Carlo simulations [5] . The q-voter model with anticonformity, which is considered herein, has been analyzed only at the mean-field level [1, 6] .
The difference between the original model from Ref. [1] and the one we analyze is the introduction of interaction ranges. Originally, the interactions occurred exclusively between voters that were direct neighbors. In the friendship network, it translates to forces between friends. This situation is illustrated in Fig. 1a . The members of the influence group of the marked voter can only be selected from the nodes within the encircled area. We call such interactions local. In the current study, we also consider global interactions. These are not limited by the network structure, and they extend throughout the system. If we look at Fig. 1b , which represents this case, we see that the group members can be selected from the entire population of voters, involving also strangers. This allows us to accord with the correlation study [3] , in which interactions with strangers exhibit anticonforming nature. We compare four models with different combinations of local and global interactions:
• GAGC -global anticonformity and global conformity,
• GALC -global anticonformity and local conformity,
• LAGC -local anticonformity and global conformity,
• LALC -local anticonformity and local conformity.
We stress that GAGC model is independent of the network structure because both interactions are global. This makes it a mean-field-like model. In fact, this is exactly the model analyzed in Ref. [1] since the authors conducted the study on a complete graph (i.e., a structure where all nodes are connected with each other). Thus, we use GAGC dynamics as a benchmark.
Below, we present an algorithm used for generating one step of our models:
1. Choose randomly one node in the network. It represents a voter that is about to reconsider its opinion under the social influence.
2. Select the members of the influence group. Depending on the interaction length considered in the model, choose randomly and without repetition q nodes (a) from the voter's neighbors determined by the network structure in case of local interactions, see Fig. 1a , or (b) from all the voters in the system in case of global interactions, see Fig. 1b .
3. Check whether the group is unanimous. If the influence group is not unanimous, the voter sticks with its old opinion. Otherwise, subject the voter to the social influence:
(a) With probability p, the voter acts as an antconformist, and it takes the opposite opinion to the the group, or (b) with complementary probability 1 − p, it acts as a conformist, and it takes the same opinion.
One Monte Carlo step corresponds to N repetitions of the above step, where N is the network size (i.e., the number of voters in the system).
NETWORK STRUCTURE
In general, our models can be run on any network. However, we use Watts and Strogatz's algorithm [7] to generate structures for the current study. Below, we present the procedure:
1. Choose the algorithm parameters. There are three parameters to be set up, the number of nodes in the network N , the average node degree k , and the rewiring probability β.
Construct a regular lattice.
The initial structure is a ring of N nodes. Each node is connected to its k nearest neighbors, see Fig. 2a .
Iterate over the nodes in rounds.
In a round, we go through all the nodes, and we try to rewire one link of each node. Each round is associated with the next consecutive nearest-neighbor of a node in a clock-wise direction. With probability β, a link to this neighbor is rewired to a randomly selected node. The rewiring occurs without repetition of already existing links. We proceed with rounds until each link in the original network has been considered once. It requires k /2 rounds. The very left structure (β = 0) is a regular graph, whereas the very right represents a random graph (β = 1). Small-world networks fall somewhere between these two extremes. During the rewiring process, the overall number of edges remain unchanged; thus, the average node degree k also does not change with β.
This network model provides a wide variety of structures to choose from, including regular lattices, random graphs, and small-world networks (see Fig.2 ). The last group is especially important because it is said to resemble social structures [8] . This diversity is obtained thanks to the parameter β, which impacts some features of the network like the clustering coefficient or the average shortest path length (see Fig.3 ). We want to draw attention to two properties of such networks. First of all, changing the parameter β does not change the average node degree of the network k . This will help us to check our analytical predictions since they depend only on the average node degree k . Therefore, simulations for different β should coincide with each other. The second property will spare us some troubles connected with the selection of influence group members. For the models with local interactions, we should ensure that the minimum degree of a node in the network is at least equal to q so that the group of influence could be always gathered. However, the minimum degree in our networks is equal exactly k /2, which results directly form the generating algorithm. Thus, we only consider networks with k ≥ 2q in our simulations. 
PAIR APPROXIMATION ANALYSIS
This section focuses on analytical details connected with the pair approximation. Let us recall the general forms of the rate equations related to both of the concentrations [2, 5] , which are presented in the main text:
These rate equations are accompanied by four different functions f (i, j, k), one for each model:
In case of global influence, all the voters in the system are potential members of the influence group. Thus, the probability of selecting q of them in the same state j, and thereby triggering the social influence, is estimated based on the global concentration of voters in this state. As a result, this probability equals to c q j . On the other hand, the local influence relies only on the social pressure exerted by the direct neighbors of the voter. In this case, in order to calculate the same probability, we have to consider a local concentration instead. Let us assume that the considered voter disagrees with exactly i out of k its neighbors. Then, the probability of gathering a unanimous group comprised of q neighbors disagreeing with the voter's opinion equals to i q / k q since we draw our nodes without repetition. After summing over i and k indexes in Eqs. (S1) and (S2), similarly as in Ref. [5] , we get the following:
(S10)
(S12)
The stationary states are determined by the conditions dc/dt = 0 and db/dt = 0. Since GAGC dynamics is our benchmark, let us explore it in more detail first. The formulas for the stationary states can be easily obtained from Eqs. (S7) and (S8). For c = 1/2, we have whereas for c = 1/2, we obtain b = 1/2 for all values of p. Figure 4 illustrates these equations in the form of phase diagrams for several values of q. Note that only continuous phase transitions are possible in GAGC model, and the relation between b and c does not depend on the group size. The formula for a point at which the solution for c = 1/2 loses stability is as follows:
For continuous phase transitions, this is the transition point between phases with (i.e., c = 0.5) and without the majority opinion (i.e., c = 0.5). Below, we present a list of formulas for the stationary solutions and p * . In case of LALC and LAGC models, we were not able to obtain the explicit formulas for b(c), so we present the implicit ones.
To simplify notation, we relate states 1 and −1 with arrows ↑ and ↓, respectively. Additionally, let us recall the forms of the conditional probabilities since they are used in the equations:
.
(S18)
• GALC -global anticonformity and local conformity: For c = 1/2:
For c = 1/2:
and p * = 1
(S22)
• LAGC -local anticonformity and global conformity: For c = 1/2:
and
(S24)
where ∆ = k − k 2 + (q − 1) 2 .
• LALC -local anticonformity and local conformity: For c = 1/2:
(S30) Figure 5 portrays the formulas for the stationary states in phase diagrams. One column represents one model. The thick black lines correspond to GAGC dynamics as a reference. In each figure, the group size q is fixed, and only the average degree of the network k changes. Arrows indicate the direction in which k increases. As we mentioned in the main text, all the dynamics approach the GAGC model in the limit k → ∞, and along this way, the change of the transition type may occur. The rate of convergence depends on the group size q, and Fig. 6 illustrates this well. This time, the average node degree for all figures is fixed k = 50, and each column stands for one group size: from q = 3 on the left, through q = 5 in the middle, to q = 8 on the right. Note that these parameters are likely to characterize actual social systems. In fact, the average number of friends in the study on movie ratings is approximately 50 [3] . In all these cases, we are able to see differences between the dynamics, especially near the transition. Even in Fig. 6a , where the diagrams are fairly close to each other, and LAGC model almost coincides with the mean-field result, GALC and LALC models still stand out. Let us recall that the group sizes that range from 3 to 5 individuals are said to be optimal since these numbers of members already allow the maximal persuasive power to be achieved [2, 9] . Additionally, the whole phase space is presented in Fig. 7 .
In the phase diagrams where c(p) and b(c) are depicted, the order of the dynamics is always preserved. This means that GALC model is characterized by the shortest interval of the anticonformity level p in which the formation of the majority opinion is possible. In contrast, GALC model has the longest one, even longer than the one associated with the mean-field result, see Fig. 6 . In the pair approximation, the phase transition type depends on the relation between q and k . Phase maps that indicate a type of a phase transition for different sets of parameters are presented in Fig. 8 . In LAGC model, continuous phase transitions show up sooner than in the other dynamics. This means that for a given size of the influence group q, we get continuous phase transitions for lower values of the average node degree k than in any other model. FIG. 6. Comparison of phase diagrams produced by all the dynamics for the network with the average node degree k = 50, which corresponds to the average node degree of the network reported in the study on movie ratings we refer to. Each column corresponds to one value of q: 3, 5, and 8 from left to right. In general, the lower the ratio of q to k , the smaller the differences between the models. 
MONTE CARLO SIMULATIONS
We have carried out Monte Carlo simulations of all the models to validate the prediction of the pair approximation presented in the previous section. First of all, LAGC dynamics is the least sensitive to changes in the network structure (i.e., changes in β). This is illustrated in Fig. 2 in the main text and in Fig. 9 . As seen, for this model, the agreement between the pair approximation and the simulations is high even for small values of the parameter β. Thus, the average node degree of a network plays the most important role for this dynamics. In contrast, the behavior of GALC and LALC dynamics is also noticeable impacted by the parameter β. In Fig. 9d , we even see that there is a specific value of β for GALC model for which the dependency between b(p) becomes a non-monotonic function. Therefore, in these two cases, not only the average node degree is important but also the network structure.
We have also checked whether it is possible to get discontinuous phase transitions since the pair approximation predicts them. However, we have not detected any of them in the simulations of all the models. In Fig. 10 , all the transitions obtained in the simulations are continuous (we have not observed neither discontinuity nor the hysteresis) although the pair approximation indicates the existence of discontinuity in some of these cases (i.e., k = 8, 10 for GALC and LALC; k = 16 for LAGC). In general, the pair approximation gives more accurate results for smaller q to k ratios and greater values of β (see Fig. 10 ). Fig. 2 in the main text. Each column corresponds to one dynamics: GALC, LALC, and LAGC from left to right. The size of the network and the average node degree correspond to the real social network used in the empirical study on movie ratings (N = 28160 and k = 50) [3] . The group of influence consists of q = 4 members for all the cases. Symbols represent outcomes of Monte Carlo simulations for different rewiring probabilities β. Thick and thin lines refer to the mean-field (i.e., GAGC dynamics) and the pair approximation, respectively. FIG. 10 . Phase diagrams for all the models obtained analytically and numerically. Each column corresponds to one dynamics, one size of the influence group q, and one value of the rewiring probability β: GALC, q = 3, and β = 0.7; LALC, q = 3, and β = 0.5; and finally LAGC, q = 8, and β = 1 from left to right. Symbols represent outcomes of Monte Carlo simulations for different average node degrees k and different initial conditions c0. Thick and thin lines refer to the mean-field (i.e., GAGC dynamics) and the pair approximation, respectively.
